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Introduction
The U.S. Army has shown great interest in the problem of radar detection and classification of moving humans, dating back to the Vietnam War era. Using the Doppler spectrum of the radar response may offer the only solution for detecting moving targets concealed behind obstacles, such as vegetation or building structures. The interest in this technology has been recently renewed by large-scale research and development efforts conducted by defense agencies in sensing through the wall (STTW) and foliage penetration (FOPEN) radar sensors. The major challenge with this approach is that any moving objects (such as blowing leaves, household appliances, etc.) or animals present in the scene can produce a Doppler response, thereby creating false alarms. In order to reliably discriminate human movers from other types of movers, we need to perform a more complex analysis of the Doppler signature and extract features characteristic to a certain target. Moreover, such analysis may enable us to extract biometric features of a person (for instance, tall vs. short person, or weapon-carrier vs. nonweapon-carrier). The research work described in this report represents an effort in this direction.
Over the last decade, the Radio Frequency (RF) Signal Processing and Modeling Branch at the U.S. Army Research Laboratory (ARL) has made a significant investment in both electromagnetic modeling tools as well as wideband radar measurement instruments. We have applied both of these to the problem of detecting humans concealed behind obstacles. ARL is currently involved in three major defense programs related to sensing through the wall and foliage penetration radar, where the moving human detection and recognition problem is a key component.
In some preliminary work (1-3) we have thoroughly analyzed the radar signature of humans in static configurations, for various positions and radar parameters, based on computer simulations. We started with realistic body meshes, and used sophisticated mesh manipulation and conversion software packages in order to reconfigure the body in various positions. For the electromagnetic (EM) scattering analysis we employed software tools such as Xpatch (a ray-tracing code) and the Finite-Difference Time-Domain (FDTD). These studies provided us with a wealth of information on the human radar cross-section variability with regard to body type, position, aspect angle and frequency.
The next step consists of analyzing the radar response from a moving human, with the hope to extract certain features that allow classification of humans versus other movers. This problem has received an early interest within the defense research community, as demonstrated by work done at the Harry Diamond Laboratories (now ARL) in the 1970s (4). The initial approach consisted of using the stationary Doppler spectrum of various movers for classification purposes. More recently, researchers started focusing on understanding the temporal changes in the Doppler spectrum via time-frequency analysis techniques (5) (6) (7) (8) . Most of the work published so far in the literature is based on simplistic computer models of a moving human. On the other hand, our research group at ARL has developed the unique capability to combine powerful software tools and hardware platforms in order to tackle this problem in realistic detail. In this report, we outline the methodology involved in the time-frequency analysis of the human Doppler signature, based on computer models. We particularly emphasize the effect of radar system parameters as they relate to the EM scattering phenomenology.
This report is organized as follows. In section 2 we present the computational tools and describe the methodology involved in this analysis. In section 3 we show the results obtained for a walking human in various configurations, in different frequency bands and at several aspect angles. We finalize with conclusions in section 4.
Methodology
The time-frequency analysis of the moving human Doppler signature presented in this section is based entirely on computer models. In essence, we are simulating the operation of a pulseDoppler radar (9) , where the responses from successive transmitted pulses are processed together in order to extract the Doppler frequency shift. In our computer models, the moving target is frozen in time for the duration of each pulse. Thus, we need to decompose the human motion into frames that succeed each other with the radar's pulse repetition frequency (PRF). Then we use an EM solver to compute the radar return for a given excitation pulse, for each frame.
The basic equation that links the Doppler frequency shift to the target velocity is:
where f D is the Doppler shift, f c is the center pulse frequency, v is the target velocity and c is the speed of light. This equation shows that a larger radar center frequency results in a larger Doppler shift (thus, the radar is more sensitive to moving targets). However, since our applications involve penetrating lossy materials (such as walls or vegetation), we are constrained to operate at relatively low frequencies (typically around 1 GHz for STTW radar and 300 MHz for FOPEN radar).
We start the computer modeling with the triangular facet mesh of the "fit man" in the basic standing position. This mesh was introduced in (1) . It describes only the outer shell of the human body, so we must assume that the body is made of a uniform dielectric material. We picked  r = 50 and  = 1 S/m for the body material, which are close to the skin dielectric
properties. In references (1,3) we compared the uniform dielectric model of a human body with the full model (where each different tissue is assigned the actual permittivity) and concluded that both models produce very similar radar cross section (RCS) in the frequency bands of interest.
In this study we place the human body in the open space (i.e., not behind walls or other obstacles). That means, when the depression angle is 0°, the background medium is free-space, whereas for positive depression angles we consider a half-space background (as in section 3.6).
A software package named Maya (produced by Autodesk, Inc. [10] ) allowed us to articulate this mesh in various body positions. Moreover, Maya can create realistic animation of a human in motion by interpolating the mesh in an arbitrary number of frames between only a few reference positions. In figure 1 we represented several frames of the walking human mesh obtained with Maya. In our study, we assumed that each complete walking cycle (two strides per cycle) takes 2 seconds, and the average velocity is about 0.6 m/s. The PRF (or number of frames per second) must be high enough in order to avoid aliasing in the Doppler domain (9) at the highest radar operational frequency considered in this study. Thus, the maximum target velocity that can be unambiguously captured by the radar is:
In our simulations we used a total of 80 frames, which implies a PRF of 40 Hz. That results in v max = 3 m/s for f c = 1 GHz, which is more than any body part can generate during the walking motion. The radar signature of each frame is computed using AFDTD. This is a computational electromagnetic (CEM) code entirely developed at ARL for radar signature calculations. It is based on the Finite Difference Time Domain (FDTD) technique, which has been described in other reports (1) (2) (3) . An excellent introduction to the FDTD method can be found in textbooks such as (11, 12) . We emphasize that calculating the human body signature at the relatively low frequencies considered in this report (from 300 MHz to 1GHz) requires a full-wave CEM method (such as FDTD), since approximate methods (such as those based on ray tracing) may not produce results accurate enough for these scenarios. The FDTD meshes that we used in these simulations have a resolution (cell size) of 5 mm, which is sufficient for frequencies up to 1 GHz (for more details see [1] ). We also need to mention that all the calculations in this report are performed in the far-field, and involve plane-wave excitation at a given set of incidence angles.
For the Doppler analysis in this study we use relatively narrowband excitation pulses (with bandwidth between 40 and 80 MHz). The EM scattering data is obtained in the frequency domain and the pulse is synthesized back to the time domain by using an appropriate frequency window. We designed this frequency window such that the time domain pulse envelope that we obtain through inverse Fourier transform has a shape as close to rectangular as possible. We sample the returned narrowband pulse corresponding to each frame in order to obtain the inphase (I) channel data (all the pulses need to be sampled at the same moment in time relative to a fixed reference). We also obtain the quadrature (Q) channel data by sampling the Hilbert transform (13) of the returned narrowband pulse described above. One requirement for this type of analysis is that the entire walking cycle be contained inside one down-range bin, such that the sampling instant "catches" some part of each pulse received during the cycle. This puts an upper limit on the excitation pulse bandwidth. Also notice that a narrower bandwidth implies lower down-range resolution, therefore, the target is less localized. The relationship between the down-range bin size and the bandwidth is:
where BW is the bandwidth and R is the down-range resolution (or bin size). Since the human covers about 1.2 m during a walking cycle, the maximum pulse bandwidth allowed is 125 MHz.
The I-Q data is used in extracting the Doppler frequency shift information by taking Fourier transforms. Since we are interested in the time variation of the Doppler spectrum, we employ short-time Fourier transforms (STFT) (13) that use only part of the I-Q data sequence at a time.
The length of the time window in the STFT is called the coherent processing interval (CPI), or dwell time, and is typically just a fraction of a walking cycle period. Since we use a Hanning window (13) in the time domain, the effective CPI (which is the value listed for each of the cases considered in this report) is half the time interval between the zero-crossing points of the window. A large CPI implies good frequency resolution in the Doppler spectrum, but poor resolution in the time domain, so a compromise between the two must be achieved. The relationship between the frequency resolution f and the time resolution (effective CPI) is:
We use the maximum possible overlap between the time-domain windows by setting the shift between two successive windows at only one slow time sample. Since we consider the walking motion as cyclical, we can wrap around the I-Q sequence corresponding to one cycle into an infinite loop, thus making sure that there are no spurious jumps in the STFT data at the beginning and end of the cycle.
The sequence of STFTs is arranged in a matrix format (with slow time variation by rows and frequency variation by columns) and the magnitude is plotted as a two-dimensional pseudo-color map (in dB scale), also known as spectrogram. The abscissa represents the slow time, whereas the ordinate represents the velocity (which is proportional to the Doppler frequency shift). One spectrogram represents four walking cycles, in which the data generated by the first cycle is simply repeated another three times. This allows a better visualization of the patterns characteristic to human walking. The entire process described in this section is illustrated in figure 2 . All the electromagnetic modeling of radar signatures was run on high-performance computing (HPC) platforms at the ARL Major Shared Resource Center (MSRC) (14) , while desktop personal computers (PC) were used for processing the meshes and creating the spectrograms. The signal processing routines were implemented in MATLAB. 
Numerical Results
Spectrograms of Regular Walking Motion at 1 GHz
In the following examples, unless otherwise specified, we consider that the human is facing and walking straight toward the radar. Since our EM modeling involves far-field geometries and plane-wave incidence, this translates to incidence at 0° azimuth and 0° elevation (as measured from the x-y plane). We consider vertical-vertical (V-V) polarization in most cases (unless otherwise specified). We start by analyzing the Doppler spectrograms obtained with the radar operating around 1 GHz, which is a good frequency band choice for STTW applications. In this particular case, the pulse bandwidth is 80 MHz and CPI is 0.3 seconds. The spectrogram is shown in figure 3 . The most striking pattern that we notice in the spectrogram in figure 3 is the zigzag formed by the high-intensity (red) feature in the middle of the diagram. It is easy to prove that this feature closely follows the velocity of a point on the human's chest. Thus, in figure 4 , we overlaid a thin black line representing the velocity of the point marked on the human's chest (as obtained directly from the mesh files). The important conclusion is that the velocity of the human's torso is not constant during walking, but it accelerates and decelerates according to the pattern visible in figure 4 . If we draw a line through the middle of this pattern, we obtain the average velocity, which is about 0.6 m/s. As we will show in the following section, the main contribution to the radar return (at these angles and frequencies), which creates the highest intensity feature in the spectrogram, comes from the human's torso. The lower intensity "spikes" (high velocity features) that we notice at the upper edge of the spectrogram represent the arms and legs contribution. As expected, there are instances when their velocity is higher than that of the torso, but the radar return is generally weaker. We should also mention that the features in the spectrogram display a certain amount of smearing, due to the limited resolution, both in time and frequency (velocity) domains. It is interesting to notice that the zigzag pattern visible in figures 3 and 4 is not necessarily unique to the walking motion of a human. In fact, any object that moves back and forth in an oscillatory type of motion (such as a pendulum) would create a similar zigzag pattern in the Doppler spectrogram. However, what is characteristic to the human walking motion is that all the velocities within the zigzag line are positive, meaning that the body is advancing in the forward direction, with non-uniform velocity (as opposed to an object that oscillates back and forth about an equilibrium position, where both positive and negative velocities would be generated).
Separating the Body Part Contributions to the Spectrogram at 1 GHz
In order to analyze the contribution of the various body parts to the spectrogram obtained in figure 3 , we computed the radar signature of separate parts of the human body, frame by frame.
In figure 5 we show the spectrogram based on the head and torso alone (the radar parameters are the same as in section 3.1, and the mesh points move exactly the same as in that case). One can notice that the spectrograms in figures 3 and 5 look very similar, even in terms of magnitude (on the color scale). However, the high-velocity spikes in figure 3 are not present in figure 5 , which demonstrates that they were produced by the arms and legs motion. It is interesting to notice that the spectrogram in figure 5 extends to negative velocities, despite the fact that all points in the partial torso-and-head mesh move strictly forward (so they have positive velocities). This is again the effect of frequency domain smearing due to the finite length STFTs and mentioned in the previous section. When we consider the arms and legs alone, we obtain the spectrogram in figure 6 . We notice that the overall return is much weaker, but there are instances in the walking cycle when the velocity is much higher than that of the torso. Furthermore, we can separate the arm (figure 7) and leg contributions ( figure 8) . These spectrograms clearly demonstrate that the highest velocity components come from the arm motion. Both the legs and the arms seem to generate negative velocities in our model. At this point in our investigation, it is still unclear whether this feature is a realistic model for natural human walking. We also looked at the relative intensity of the radar return from various body parts during a walking cycle. In figure 9 we plot the RCS of the torso (including the head), the legs and the arms versus the frame number. As expected, the torso RCS is basically constant, since that part of the body does not change its orientation relative to the radar. However, the legs and arms display large variations in RCS, according to their orientation during a walking cycle. In particular, there are two leg positions that generate large RCS values, which can be seen both in figure 9 , as well as in the spectrogram in figure 8 (the high-intensity spots of about -22 dB). For completeness, we also plotted the RCS of the legs and arms together (red line in figure 9 ). The fact that this line mostly follows the legs RCS (dominant between arms and legs), shows that there is not much coupling between the body parts at this radar frequency. Figure 10 captures the meshes (arms and legs only) corresponding to the frames where the legs contribution to the radar return peaks out. As we expect, the leg position in those frames is almost vertical, generating a relatively strong backscatter "flash". 
Spectrograms of a Walking Human Carrying an AK47 Rifle
One scenario of great interest is trying to classify a person carrying a weapon. In this section we consider the fit man carrying an AK47 in the port-arms position, as shown in figure 11 . The human mesh displays the same walking pattern as in the previous sections, with the exception that the arms are in fixed position, holding the rifle. The AK47 mesh is based on a real-life computer-aided design (CAD) model and contains parts made out of perfect electric conductor (PEC) and wood. The spectrogram obtained for this configuration is shown in figure 11 (all the radar parameters are identical to those in section 3.1). The first thing to notice is that the Doppler pattern is very similar to that of a human walking without the weapon. More precisely, there is a high degree of similarity with the spectrogram in figure 5 , where only the torso and the head were considered. In both cases, the high velocity contribution of the swinging arms is absent. This suggests a quick way to infer whether the human target is suspect of carrying a weapon (for instance, by comparing the high velocity component intensity to the maximum intensity component of the spectrogram). However, one should keep in mind that a human who does not swing his/her arms is not always indicative for somebody carrying a weapon (it could also indicate for instance a person walking with his/her hands in the pockets). Another interesting thing to notice about the spectrogram in figure 11 is that, when a weapon is positioned in front of the human chest, the radar return decreases slightly as compared to the no weapon case. The explanation is that, for straight-on incidence, the rifle perturbs the "flat-plate" appearance of the chest, creating a return which is partially out-of-phase with the return from the chest and therefore, reducing the overall backscatter signal strength. This finding emphasizes the fact that trying to detect a weapon based on the magnitude of the radar signature alone is an unreliable method. Most likely, a fully polarimetric analysis of the radar scattering would significantly increase the chances of detecting the presence of a rifle-like object, whose signature is highly dependent of the polarization angle of the incident wave.
Comparison with Measurements
Although measurements that would allow us to compare the simulated Doppler spectrograms with direct radar data in the same frequency band were not available to us, we compared our results with Doppler spectrograms obtained experimentally by another ARL research group in the Ka radar band. (We mention here that performing these computer models in the Ka-band as opposed to the L-band would be very difficult because we would need a much higher PRF, which translates in a much larger number of frames within one walking cycle). The simulated and experimental spectrograms are shown side-by-side in figure 12 (the vertical scale was stretched in figure 12a as compared to the previous spectrograms). Notice that in the measurements the walking cycle is shorter than 2 s. Also, we do not have complete information about the vertical axis scale (other than the numbers represent Doppler bins), and the decibels scale or dynamic range of the pseudo-color map in figure 12b . However, despite all these limitations, we notice a good resemblance between the patterns in figures 12a and 12b. The zigzagging red line in the middle mainly represents the torso's contribution, whereas the spikes in the upper part of the diagrams represent the arms and legs contributions. 
Oblique Angle Incidence
All the spectrograms presented so far assume that the human is walking straight to the radar and the azimuth incidence angle is  = 0°. If we change the angle of incidence with respect to the walking direction, the radial velocity (which creates the Doppler frequency shift) decreases as cos (9) . Therefore, the amplitude of velocity oscillations in the spectrogram is smaller. In this section we keep the elevation angle at 0° and assume free-space propagation. All the radar parameters are identical to the previous sections, including the 1 GHz radar frequency.
Time (s)
The overall zigzag pattern that we mentioned in section 3.1 is distorted when the radar looks at an oblique angle. This is partially due to the fact that various body positions during the two half cycles are not symmetric from the radar point of view any longer. Figure 13 shows the spectrogram obtained for  = 30°, whereas figure 14 shows the case when  = 60°. We notice that the zigzag pattern distortion becomes more pronounced as the incidence angle increases. Also, as shown in figure 13 , the arm contribution (high velocity "spikes") becomes stronger for one half of the cycle. One obvious explanation for the asymmetry is the fact that the arm placed further from the radar becomes shadowed (by the rest of the body) during half of the cycle and does not contribute to the overall radar return at that time. Similar to the analysis in section 3.2,
we investigated the frame-by-frame RCS during a walking cycle, and found that, for  = 60°, the maximum response is achieved by frames #3 and 43 (which are also consistent with the brightest spots in the spectrogram in figure 14) . We represented the human mesh positions for those two frames in figure 15 . We conjecture that, in this case, the coupling between various body parts is more important than for straight-on incidence, in the sense that, for certain positions, the torso, arms and legs may form corners that enhance the radar return at specific incidence angles. Figure 13 . Spectrogram of the full human body in walking motion at 1 GHz, for a 30° azimuth incidence angle. Figure 14 . Spectrogram of the full human body in walking motion at 1 GHz, for a 60° azimuth incidence angle. Another interesting feature that we see in the spectrograms in figures 13 and 14 are the relatively strong negative velocity components (notice that the red features extend below zero velocity). Since the only body parts that move with negative velocity in our model are the arms (as we already established in section 3.2), we conclude that the arms contribution to the spectrogram is much stronger than at straight-on incidence. The negative velocity features observed in figures 13 and 14 are the result of the arms backscattering becoming dominant at the same time with the fastest backward arm motion.
The overall conclusion is that, if the walking direction forms a large azimuth angle with the radar's line of sight, we cannot expect to detect the regular zigzag pattern that we evidenced in the spectrogram in figure 3.
Radar Mounted on Airborne Platforms
In this section we consider the case where the radar is mounted on an airborne platform (in the previous sections, the radar was assumed to be ground based). The main modification is the fact that the elevation angle (as measured from the x-y plane) becomes positive. Also, we add an Since the incidence angle (in elevation) is close to the Brewster angle (15) (which in this case equals  = 22°), the ground bounce is very weak for V-V polarization and the overall signature is stronger in H-H polarization (notice that the decibels scales have different magnitudes for the two polarizations). The radar return for V-V polarization is mainly produced by the direct scattering from the body. Notice in figure 16a that the pattern changes (compared to figure 3 ), since now, there are positions of the arms and legs that produce significant backscatter return as compared to the torso (namely, when the legs and arms are perpendicular to the direction of incidence). However, in figure 16b we see the same regular zigzag pattern as in figure 3 , which indicates that, in this case (H-H polarization), the torso is again the dominant backscatter contributor, through the corner effect mechanism of the double ground-torso bounce.
When we look at oblique incidence in both elevation and azimuth (as in figure 17 ), the zigzag pattern is lost in both polarizations, showing that the torso return becomes less important. In fact, the strong negative velocity components in the spectrograms in figure 17 suggest again that the arms have a significant contribution, similar to section 3.5.
Spectrograms in the UHF band (300 MHz)
Another case where we noticed a change in the scattering phenomenology, as well as in the qualitative aspect of the spectrograms, is that of the radar operating at lower frequencies, in the ultra-high frequency (UHF) band. This frequency range is more characteristic to FOPEN radar systems. In figures 18 through 20 we consider a center frequency of 300 MHz and a bandwidth of 40 MHz. All the other parameters are the same as in section 3.1 and both the azimuth and elevation angles are 00. In figure 18 we show the spectrogram obtained for the full human body mesh in walking motion. Notice that, qualitatively, this looks very different from the spectrogram in figure 3 . A more careful analysis demonstrates that the pattern in figure 18 is produced by the arms and the legs creating a larger backscattering return than the torso in certain body positions during the walking cycle, at these low frequencies. Thus, in figure 19 we notice that the torso alone produces the same regular zigzag pattern as in figure 3 . However, its contribution is overshadowed by the arms and legs contribution, shown in figure 20 . Similar to the analysis in section 3.2, we plot the RCS of various body components as a function of the frame number in figure 21 . This time we notice that, when taken separately, the arms have larger RCS than the legs. Also, there are two distinct peaks of the arms RCS that exceed the torso contribution. However, when we put together the arms and legs, we obtain an overall RCS that is significantly higher than the parts taken separately. This is indicative of the fact that there is strong coupling between body parts at these low frequencies (where the wavelength is on the order of 1 m). At times, the arms plus legs RCS exceeds the torso RCS by about 4-5 dB, which explains why the spectrogram in figure 20 displays significantly higher peaks than the one in figure 19 . Moreover, in figure 22 we notice that the full body RCS clearly exceed the peaks produced by the body parts separately, demonstrating that there is a strong overall coupling between legs, arms and torso in this frequency range. This is consistent with the spectrogram in figure 18 , which has intensity peaks of about 6-7 dB above the intensity peaks in figure 19 . Similar to the spectrograms presented in the previous two sections, when the arms create significant backscatter contribution, we notice some strong negative velocity components (in both figures 18 and 20). As we already mentioned in section 3.2, this effect is specific to our computer animation models and may not necessarily reflect the true motion of the arms for natural human walking. Nevertheless, this case represents yet another illustration where a change in the scattering phenomenology may require a different way of interpreting the temporal variations in the Doppler spectrum.
Conclusions
In previous work (1), we concluded that the human body has a fairly large radar signature, which can be detected through many types of obstacles. However, the major issue is being able to discriminate a human body signature from that of other objects present in a scene. At the current stage of our work, it is difficult to identify salient features of a stationary human that provide enough information to an automatic target recognition engine searching for the human presence in such an environment. Most likely, a through-the-wall or through-vegetation human body detection scheme must rely on analyzing the Doppler signature of the human motion. Moreover, the time variations of the human Doppler spectrum need to be investigated in order to discriminate humans from other movers or classify targets of interest based on certain biometric features.
In this report we performed a time-frequency analysis of the Doppler signature of a walking human, based on computer models. The emphasis was on explaining the patterns in the Doppler spectrograms from an EM phenomenological point of view. This is important in understanding the relative contribution of various body parts, as well as the influence of certain radar or geometric parameters. We showed that, at frequencies around a 1 GHz, when the human walks straight to the radar, a regular zigzag pattern is obtained, with the main contribution from the human torso. The middle of the zigzag pattern closely follows the velocity of a point on the human's chest, as shown in section 3.1. The spectrogram also exhibits higher velocity "spikes", where most of the contribution comes from the arm motion. We did not notice these "spikes" in the spectrogram of the human carrying an AK47 rifle, since the arms are motionless in that case. This effect suggests an obvious way to discriminate human targets carrying a weapon based on the high-velocity information contained in the Doppler spectrograms.
In general, the spectrograms obtained via simulations at frequencies around 1 GHz reasonably matched radar measurements performed in the Ka-band. However, for large azimuth incidence angles or UHF band frequencies, the spectrograms changed significantly, making the pattern recognition problem more difficult. When the torso produced the dominant radar return among all the body parts, we noticed the well-behaved zigzag pattern evident in section 3.1 through 3.4. On the other hand, when other body parts became the dominant scatterers, or there was strong coupling between various body parts (such as in sections 3.5 through 3.7), we saw different spectrogram patterns, dictated by the new scattering phenomenology. This clearly illustrates the importance of understanding the EM phenomenology before we try to interpret the spectrograms via signal processing algorithms.
One persistent question about our analysis concerns how closely the motion of the human meshes in our simulations matches a real life scenario. As future work, we plan to incorporate motion data that comes directly from measurements of live human subjects. This would increase our level of confidence in the Doppler spectrograms obtained as a result of applying high fidelity EM modeling to realistic meshes. Ultimately, it is the comparison with experimental radar data that would validate our computer simulations. It would also be interesting to investigate other type of human motions, such as running, crawling, swaying, or even breathing. Another scenario that requires attention is that of a human moving inside a room, where multipath propagation may create complications in the Doppler spectrogram patterns.
It was not the purpose of our study to tackle the problems of feature extraction and pattern recognition that would ultimately discriminate between humans and other movers. In order to achieve this, we will need to obtain data (either simulated or measured) on the Doppler signature of other movers, such as animals. Then, we will need to apply advanced signal processing techniques in order to interpret the radar data and classify the type of movers based on their Doppler signatures. As demonstrated by our analysis, this may prove particularly challenging for certain geometries or radar frequencies.
